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RESUME 
La gestion patrimoniale avancée des systèmes d’assainissement a récemment attiré 
une attention croissante au sein de la recherche et de l'industrie. Cet article présente 
un outil d’appui à la décision (DST) pour une gestion intégrée des systèmes 
d’assainissement de petits bassins versants. Au total, 551 traitements d’eaux usées, 
1700km d’égouts et 248 stations de pompage d’eau usées sont couverts dans cette 
étude. Dans le DST, un système de classement des bassins versants basé sur des 
indicateurs de performance clefs est mis en place pour identifier les bassins critiques. 
Des interventions actives sont suggérées ainsi que leurs impacts potentiels sur le 
coût, les performances, et la tendance à la défaillance. Pour finir, des stratégies de 
maintenance rentables sont identifiées, qui peuvent être employées dans le plan 
d’activité de l’industrie et faire partie de "l’activité normale" de la gestion 
opérationnelle. 
ABSTRACT 
Advanced asset management of wastewater systems has recently gained increasing 
support within industry and research. This paper presents a decision support tool 
(DST) to address integrated management of wastewater assets within small 
catchments. In total, 551 wastewater treatment works, 1700km of sewers and 248 
wastewater pumping stations are covered in this study. In the DST, a catchment 
ranking system based on key performance indicators is set up to identify critical 
catchments. Proactive interventions are suggested with their potential impacts on 
cost, performance and failure trends. In the end, cost-effective maintenance 
strategies are created, which can be incorporated into the industry business plan and 
utilised as a part of “business as usual” operational management. 
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1. INTRODUCTION 
Maintaining reliable and sustainable serviceability is a key task of water industries. 
However more strict service consents and intensive investment required in the face of 
tight budgets pose a significant challenge to water industries. Advanced asset 
management has been proposed as a state-of-the-art approach to pursue cost-
effective strategies and sustainable serviceability. Over the years, focus has primarily 
been on the clean water division, but it is now shifting into wastewater services. 
South West Water (SWW), a regional Water Service Provider (WSP) in the South 
West of England, identified a gap in their asset management for small wastewater 
catchments, which fall below a size limit of 5000 Population Equivalent (PE). A 
collaborative research project was established by SWW and The University of Exeter 
to develop a Decision Support Tool (DST), which would bridge that gap and support 
the business planning of SWW (Walters et al. 2006). In total, 551 wastewater 
treatment works (WWTW), 1700km of sewers and 248 wastewater pumping stations 
(WWPS) are covered within those small wastewater catchments. The DST provides a 
platform to identify critical catchments and assist decision makers to locate the best 
maintenance scheme to achieve financial savings and prevent any severe damage to 
serviceability and the environment before it occurs. 
Several distinct challenges have been faced in the study: (a) The fact that a large 
number of assets, with a great variety of size and operating context, exist within the 
small catchments significantly increases the complexity of the modelling 
development; (b) historically receiving less attention, these small catchments only 
have a limited amount of data, some of which is of low quality; (c) since the 
knowledge of some physical processes is still limited or unclear, no definitive 
methodologies and tools are available to implement comprehensive analysis; (d) With 
regard to the whole life costing, it is difficult to give an quantitative estimation of 
impacts and costs for some criteria, such as environmental and sociological aspects. 
Due to the above concerns, the modelling development is implemented on a 
catchment-level rather than a process or asset level, and over a planning time horizon 
from 2006 up to 2018. Appropriate grouping or classification approaches are 
employed to facilitate the data analysis and modelling practices. For each different 
asset group, the key issues have been approached with consistent criteria: the drivers 
for current state and serviceability trends, measures to achieve enhanced service, 
cost implication, and target levels for asset management. 
Data and information in terms of asset features, internal stresses (such as operational 
scheme and recording system) and external stresses (customers, regulation, 
environment and economics) have been collected and analysed. Comprehensive 
discussions, surveys and other indirect analysis approaches have been carried out 
within SWW to fill important data gaps and justify inconsistency within information 
from different sources.  
2. METHODS 
On the basis of the principles suggested by The Common Framework for Capital 
Maintenance Planning (UKWIR, 2002b), the general framework of the DST is set up 
and illustrated together with their interrelationships in Figure 1. As presented in Figure 
1, the DST consists of two sets of core modules in respect of asset performance and 
costing. All the functional modules assembled into the framework are fully developed 
in Excel using VBA. 
SESSION 4.3 




















Figure 1 Framework of the Decision Support Tool (DST) 
2.1. Performance indicators 
Performance Indicators (PIs), providing key information to quantitatively assess the 
efficiency and effectiveness of serviceability (Deb & Cesario, 1997), are well accepted 
and applied in the current asset management practices worldwide. Comprehensive 
PIs for wastewater services have been suggested by various bodies from regulators, 
industry, research bodies and consultancies in respect of cost, service delivery, 
environmental and social impacts (UKWIR 2002b; Matos et al. 2003; OFWAT 2006). 
However in real applications, those PIs are more informative than judgemental. The 
selection of PIs is always a combination of both relative significance and data 
availability (Matos et al. 2003). In line with the regulatory reporting purposes of SWW, 
the project essentially aims to deliver reliable and enhanced serviceability to 
customers whilst safeguarding the environment. Therefore, with significant attention 
paid to both customer and environmental aspects, based on the quantity and quality 
of available data, the PIs (see Table 1) specially selected for this study lie within three 
categories: environmental, operation and quality of service. A year is adopted as the 
assessment interval for PIs, which is recommended in literature (Matos et al. 2003). 
WWTW WWPS Sewers 
Compliance with 
discharge consent Pump running hours DG5 flooding 
Odour complaints Odour complaints Odour complaints 
Work orders Work orders Work orders 
Pollution incidents Rising mains bursts Pollution incidents 
Ratio of actual connected 
PE to design PE* 
Pumping station pollution 
incidents Collapses 
Ratio of actual DWF to 
design DWF** 
Rising mains pollution 
incidents Blockages 
* PE: population equivalent of the catchment   ** DWF: dry weather flow 
Table 1 Performance indicators adopted in this study 
2.2 Catchment ranking 
Using PIs as a set of standardised references, a catchment ranking system is 
developed to make consistent comparisons amongst the 551 catchments and identify 
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critical ones which are most in need of improvement. The core of the ranking system 
is addressed by applying a Multi Criteria Decision Analysis (MCDA) technique called 
Compromise Programming (CP), initially developed by Yu (1973). As a distance 
measurement technique, CP firstly defines an ideal point and then ranks other 
alternatives by the distance from the ideal point, which is formulated into Equation (1). 
Since the ideal solution is generally considered ‘infeasible’, a ‘compromised’ solution 
that is closest to the ideal point is identified as the best solution, which can 



























                                                                                 (1) 
Where Lp(a) is the Lp-metric for Alternative a, the distance from the ideal point; f(a) is 
the value of Alternative a for Criterion j; Mj and mj are the maximum and minimum 
values of Criterion j in alternatives; fj* is the idea value of Criterion j; p is the distance 
parameter, which reflect the degree of non-compensation between the criteria. 
Gerhson (1984) and Lai (1994) introduced several approaches to decide the value of 
P. Here P=2 is utilised based on a set of preliminary experiments. 
To reflect the relative importance of each criterion (or performance indicator), 
preference weights are assigned to PIs, which are decided by using Pair-Wise 
Comparison, a technique of the Analytical Hierarchy Process (AHP) (Saaty, 1980). 
The principle is to ask experts or Decision Makers (DMs) to express their qualitative 
preference for one criterion over another. A linguistic scale, ranging from “Equally 
preferred” to “Absolute Preferred”, is used to reflect DMs’ judgements in the first place, 
which are then converted into a 1-9 discrete, numerical arithmetic score via a 
Geometric Mean process. In this manner, a multiplicative matrix of preference is built 
up, from which PI preference weights are eventually elicited using the Logarithmic 
Least Squares (LLS) method (Barzilai, 1997). A total of four pair-wise preference 
matrices are generated. Three matrices state the preference among PIs of three PI 
categories: environmental, operation and quality of service. The fourth matrix then 
indicates the preference between these three categories. 
To avoid inconsistent judgements, consistency checks are conducted, followed by 
sensitivity and robustness testing. Any identified inconsistency is corrected either via 
re-assessment of preferences stated by the DM, or a direct mathematical correction 
approach (Ishizaka & Lusti, 2004). 
By using Compromise Programming together with Pair-Wise Comparison, the 
catchments are analysed and evaluated in a systematic and consistent way. 
Eventually, for each of the 551 catchments, an aggregate score is derived and utilised 
to decide its overall performance rank in comparison to all other catchments. 
2.3 Performance and failure forecasting  
Assets deteriorate both structurally and functionally over time, (Matos et al. 2003). 
This will lead to a reduction in both serviceability and the condition of the asset, 
increasing failure risks and resulting in a higher cost to business and the environment. 
Therefore, it is essential to foresee future risks in order to accommodate proactive 
rehabilitation or renewal actions and diminish the risks at the earliest opportunity. 
Quantification of the asset deterioration process is a key issue of this task. However, 
the physical mechanisms of deterioration processes are very complex and potentially 
influenced by many factors. Furthermore, historical data of those naturally long 
deterioration processes are often not readily available and costly to obtain. 
Consequently, existing knowledge of asset deterioration is generally incomplete, and 
results are always constrained by inadequate confidence.  
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Despite the above mentioned difficulties in practice, various analysis methods have 
been developed, including physical modelling, regression analysis, probabilistic 
distribution functions, Markov Chain analysis and Artificial Intelligence approaches 
(Kleiner & Rajani, 2001; UKWIR, 2002a, b, 2006; WRc, 2003). Generally, the 
statistical models are economically viable (Kleiner & Rajani, 2001), and hence are 
applied here. Regression analysis is adopted to predict the future level of 
performance indicators on a catchment basis. Unlike infrastructure assets, there is no 
apparent correlation between asset failure and performance for WWTW and WWPS 
(WRc, 2003). In Markov Chain analysis (Norris, 1998, Wirahadikusumah, et al. 2001; 
UKWIR, 2002b), it is assumed that the process is independent of any past states and 
only depends on the current condition states. All asset conditions at 2002 were 
evaluated in another project for SWW, hence data is available for incorporating 
Markov Chain analysis into this study to predict the failure probability of WWTWs and 
WWPSs.  
In the modelling, the physical condition of assets is represented mainly from three 
aspects: Civil, Mechanical and Electrical (M&E) and Instrumentation Control and 
Automation (ICA). The condition ratings are used and take the form of five discrete 
states from 1 to 5. State 1 implies a near perfect condition for an asset, while State 5 
represents an unserviceable condition close to the end of its life.  
Three sets of probabilities can be distinguished in the modelling. One is the transition 
probability (Pij) that asset condition changes from State i to State j at next step. The 
second set is the instantaneous failing probability (PiF) that the asset directly fails from 
current state i at next step given survival to now. The third is the remaining probability 
(Pii) that asset condition will stay at state i at the next step. The interrelationships can 
be described using the following formula:  
iFijii PPP −−=1                                                                                  (2) 
Given the current condition state x = i, the asset failure probability PF(t+1) at the next 








)1( )(1                                                                   (3) 
Where )( ict xP is the probability that the asset has condition state i at time t. 
In this way, the asset failure probability for each year over the planning horizon can 
be eventually obtained. As long as data allow, calibration and validation processes 
are carried out for parameter derivation of the probability matrices, and moderate 
correlation (r2) is employed to evaluate the goodness of the model to build up 
confidence. However, due to an industry wide scarcity of good quality data and 
knowledge in this area, expert judgement has been used in the module development.  
2.4 Intervention estimation and impact analysis 
From the PIs and failure forecasting, future weaknesses in service delivery and asset 
condition are identified. Remedial measures are then taken in order to maintain the 
required serviceability and diminish potential risks. A set of trigger levels on PIs are 
defined to suggest appropriate interventions via a diagnosis on the benchmarking 
value for each PI, which is the mean of the PI value for the asset type with the same 
size band. To simplify the problem, a set of standardised and generic interventions is 
introduced corresponding to each different asset type and listed in Table 2. Each 
intervention option will have direct or indirect impacts on asset performance, 
condition, cost and their further deterioration with time. Based on the literature survey, 
limited work has been accomplished in this area, probably still for the reason that 
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existing historical data and knowledge of underlining mechanisms are not adequate to 
carry out in depth analysis and deliver sound results. 
WWTW WWPS Sewers 
Monitor Monitor Monitor & Cleaning 
Minor Improvement Repair  Repair 
Major Improvement  Replacement Renovation 
Significant Improvement Add Pump Replacement 
Table 2 Intervention options for each asset type 
As an important component within the framework, the intervention impact on any PI is 
realised by setting its consequential improvement proportional to the benchmarking 
values of the PI used to define trigger levels. For WWTWs and WWPSs, inline with 
the Markov Chain analysis for failure forecasting, a novel approach called Condition 
Probability Upgrade (CPU) is developed to re-allocate the condition probability of 
each asset. Given the condition state set X and the intervention option set A, the 
probability distribution of asset condition after taking a particular intervention a is 

























i                                     (4)  
Where )0|( ixP  denotes the probability for the asset to be at State i before any 
intervention, which can be treated as the initial condition of the modelling. )|( axP iuΔ  
is the upgrade in condition probability at State i caused by the intervention a, which is 
defined on the basis of expert judgements. Once an intervention is made, the asset 
condition updating process starts from the current highest condition state towards the 
lower states. For example, one asset has the initial condition of 60% at State 2 and 
40% at State 3, and )|( axP iuΔ  is defined as 10% at State 1, 20% at State 2 and 40% 
at State 3, 60% at State 4, 90% at State 5. Starting from its highest available 
condition which is State 2, the new condition probability 80% at State 2 is obtained by 
the sum of the initial probability (60%) at State 2 and its corresponding upgrade (20%). 
Then the focus comes to the adjacent state; State 3. Since only the probability 20% is 
available after State 2, the new condition at State 3 is 20% although its possible 
maximum probability can be 80% which is the sum of its initial probability (40%) and 
the corresponding upgrade (40%) at State 3. After that, the newly updated current 
condition information is fitted into the Markov Chain analysis to estimate future asset 
conditions and failures. Catchment factors such as PE and location are also included 
here to make rational adjustments on the magnitude of intervention impacts. 
2.5 Costing modules and decision optimization 
Both CAPEX and OPEX are considered in the cost accounting for catchments, which 
is broken down to three modules: base cost, failure cost and intervention cost. For 
each failure type, a risk tree is established in a top down hierarchy structure, with 
assigned probability for each possible failure consequence. The catchment base cost 
implies annual expenditure for everyday service and regular maintenance. A bottom 
up approach is applied to develop the base cost and the intervention cost modules, 
with all relevant cost elements being enumerated and fitted in. Finally, for each 
catchment, its overall cost under a maintenance strategy is obtained by accumulating 
the annual cost over the planning horizon and discounted to the current year to attain 
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Since multiple interventions may be recommended in terms of different PI, it offers 
Decision Makers the possibility to interactively select interventions. Hence a decision 
optimization function is embedded in the DST to investigate all possible combinations 
of suggested interventions, ranging from purely reactive (no planned intervention) to 
fully proactive (including all suggested interventions) planning scenarios. This process 
finishes when the best effective investment solution is found, which determines when 
and what interventions are to be taken. 
3. DISCUSSIONS 
The DST provides a sensible economic and engineering framework dedicated to 
advanced asset management of small wastewater catchments in the capital planning 
practices of SWW. It has a comprehensive yet user friendly interface and presents 
graphical comparisons among various solutions relating to KPI, failure and cost (see 
Figure 2). It can be clearly observed from the graphs that the second (asset 
manager’s decision) and third (optimal solution) scenarios can significantly reduce 
failure risks in the future planning year. The second scenario achieves greatest 
improvement on asset performance, but requires the highest investment. This 
phenomenon implies a superfluous investment on the asset maintenance. In general, 
the third solution achieves the best capital efficiency. In both the second and third 
scenarios, they bring the catchment rank from the bottom 1 to the rank of 314. It has 
also been confirmed by the internal information of SWW that the catchment ranking 
module produces a good agreement with reality, especially for those catchments 
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Figure 2 comparisons of different planning schemes including reactive, asset manager’s and 
optimal scenarios for one identified critical catchment 
This study has been considered as an initial attempt towards better understanding 
and sustainable management of wastewater assets, which require considerable time 
and resources. Hence, the study has identified significant future work that needs to be 
done. The value of advanced asset management has been well recognised by utilities; 
however, its practical benefits are limited due to scarce data and the lack of 
knowledge of physical deterioration mechanisms. Therefore, many assumptions have 
to be made in this study. Model calibration and validation have been systematically 
implemented where possible. Models could be improved further once more data, 
better knowledge and more effective technology are available. The quantity and 
quality of data are certainly the essential issue for future development. Furthermore, 
inconsistencies in data from different sources generally exist, leading to inefficiency 
and delay in model development and implementation. Extensive national or 
international collaboration among utilities, regulators, and researchers are needed to 
develop satisfactory solutions. 
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4. CONCLUSION 
This paper introduces a decision support tool for integrated wastewater asset 
management of small catchments. The tool is developed for and applied on a real 
case study as part of business planning of a regional water utility in the South-West of 
the UK. Together with achieving reasonable preliminary results, a number of practical 
difficulties are identified during the model development. The tool is sufficiently flexible 
to allow future improvements in each embedded module. This is expected to happen 
when comprehensive knowledge of underlining physical processes, novel analysis 
techniques, and high quality data become available. 
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